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Abstract 
Minimizing the cost of large-scale geologic storage of CO2 is a paramount concern, and consequently many aquifer storage 
projects may be implemented without a detailed characterization of the target formation. On the other hand, CO2 migration 
beyond the volume designed for effective trapping is a paramount risk. Thus, inexpensive methods of monitoring the plume 
movement will be valuable for operators and regulators alike. Unanticipated heterogeneities within the target formation, whether 
high-permeability channels or low permeability barriers, are one of the most likely causes of migration beyond the design 
volume. We propose that routine measurements of injection rate and injection pressure in each well can be used to infer the 
existence of heterogeneities large enough to affect the plume path. We do not seek from these measurements a detailed spatial 
distribution of permeability in the formation, but merely an indication of features that affect the overall migration path. The 
advantage of this approach is that these measurements will be acquired routinely, frequently and cheaply in all projects, whereas 
methods yielding higher resolution (time-lapse seismic surveys, electromagnetic surveys, cross-well seismic, monitoring wells, 
etc.) are specialized and expensive.   
 
We have implemented this idea by combining (i) our previously developed research software (Pro-HMS) which carries out 
geologically consistent parameter estimation from injection and production data and (ii) a commercial compositional simulator 
(GEM from CMG) as a forward model which has been tuned to the full physics and phase behavior of the CO2/brine/rock system. 
In this paper we test the approach on model aquifers that exhibit permeability heterogeneity prescribed by a spatial correlation 
model. The permeability estimation process is performed within a fully probabilistic framework. We include the noise typical of 
pressure/rate data from real wells and find that signal of large heterogeneities can still be discerned. 
 
© 2008 Elsevier Ltd. All rights reserved 
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1. Introduction 
Successful carbon dioxide storage in saline aquifers requires monitoring of CO2 flow in order to prevent 
environmental risks associated with geologic heterogeneities in the target formation. Regulatory authorities will 
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require monitoring in order to track the extent of the CO2 plume, to ensure that the risk associated with potentially 
leaky faults and abandoned wells is eliminated or considerably reduced, and to ensure that the plume does not 
adversely affect the local environment. Unsecure storage of CO2 could result in leakage risk, formation damage 
(fracturing the formation, activating a fault or seal) or contamination of fresh ground water (Bruant [1]). Time-lapse 
seismic surveys are commonly used for monitoring; according to Myer et al. [2], the cost of monitoring using time-
lapse seismic is small compared to the operational cost of injection. Nevertheless, any waste disposal operation will 
always be subject to demands for cost-cutting, and running seismic studies frequently could be difficult to justify. In 
contrast, measuring well conditions (pressure, flow rates) can be done routinely, allowing the model to be updated 
periodically and cheaply. 
The overall purpose of monitoring is to ensure that the project performs as expected. Deviations from expected 
plume behavior may be caused by unanticipated formation heterogeneities that affect the predicted performance (i.e. 
plume growth, lateral extent etc.).  The idea explored here is to employ pressure and flow rate data from injection 
wells to infer the existence of such heterogeneities. This is a variation on the inverse problem known as history 
matching in the oil and gas industry. A key difference is that no production wells and therefore no production data 
will be available in a typical CO2 storage project. It is not obvious a priori whether history matching can be done 
successfully solely with injection well data. In order to understand and demonstrate the information in injection data 
pertaining to reservoir heterogeneities, a series of forward simulation results are presented. Once that is established, 
the reverse task of updating prior geological models accounting for injection information is carried out. For this, we 
use a forward reservoir model using a commercial reservoir simulator (GEM from CMG) in conjunction with 
history matching software Pro HMS. This paper introduces the technique of applying routine injection pressure 
measurements to predict the formation heterogeneities and plume movement in the sub-surface.  
2. Methodology 
The forward model is created using CMG’s GEM compositional simulator, which has been tuned (Kumar et al. 
[3]; Nghiem et al. [4]) to capture the physics of the CO2-brine system in deep saline aquifers. The injection pressure 
data computed with GEM for each well in the field are taken as input into the history matching software Pro-HMS. 
This software perturbs the uncertain geologic variables until a good history match between the reference and 
predicted injection pressure data has been obtained, while preserving the spatial correlation prescribed in the prior 
geologic model. For this work, the uncertain variable is the spatial distribution of rock permeability within the 
storage formation. 
Producing realistic distributions of permeability requires stochastic simulation. Sequential indicator simulation 
(SISIM), (Deutsch [5]) is a widely accepted technique for conditional stochastic simulation that is used to estimate 
values of petrophysical properties at unsampled locations. The technique honors conditional data (permeability 
known at the locations of injection wells, in this application) and preserves the spatial correlation structure of the 
property. The spatial correlation of permeability is described by the variogram function, which measures the 
variability of the property with respect to distance. SISIM performs a simulation of the permeability field that 
honors that variogram. Then probability of high permeability streaks, compaction bands and other geologic 
heterogeneities can be expressed through the cumulative density function (cdf) of the permeability. Indicator 
simulation provides more realistic description of these features as different variogram models can be specified for 
different thresholds of permeability. Hence, the inputs into SISIM program are the geologic data available at 
specified locations (or conditional data), the variogram models that represents the spatial variability of the property 
and the cumulative density function for the indicator (permeability) thresholds.  
An initial geologic model is constructed assuming that the variogram is known, and that the permeability has 
been measured in the near wellbore area.  SISIM is run to populate the entire grid with permeability values, so that 
the distribution of values is consistent with the variogram, also assumed known. To illustrate the indicator 
simulation approach in the absence of actual field injection pressure data, a synthetic reference case was created and 
the corresponding flow response was obtained by running GEM. The pressures and flow rates were then used as if 
they had been measured in a storage project. The effect of permeability heterogeneity in different parts of the aquifer 
was then assessed by making local modifications to the base case permeability realization. Subsequently, the history 
matching process was attempted. For that purpose a coarser reservoir model that exhibits a similar permeability 
histogram as the reference was supplied as an initial guess. This initial guess does not reflect the streaks of 
permeability near the injectors as in the reference. The objective of the history matching process is to adjust 
permeability values in the initial geologic model until the resulting forward simulation produces a time series of well 
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pressures and flow rates similar to the "measurements". Our hypothesis is that injection well data will be sufficient 
for the history matching process to reveal unanticipated heterogeneities in the storage aquifer. 
The history matching procedure starts by applying GEM to the initial geologic model. The injection pressure data 
from the simulation is input into Pro-HMS, which internally calls the SISIM program and creates its own initial 
permeability realization. The objective function is the quadratic error between the reference injection data and the 
injection data computed by GEM for the SISIM realization. Pro-HMS aims to minimize that objective function by 
perturbing the permeability field with a probability perturbation factor. More details about the algorithm of Pro-
HMS are mentioned in Srinivasan et al. [6], Yadav et al. [7] and Kim [8]. The core paradigm underlying Pro-HMS 
is the calibration of local probability of permeability conditioned to the prior geological information and injection 
data and subsequently merging the conditional probability distributions using the permanence of ratio hypothesis 
(Journel [9]). Since the relationship between permeability and flow response is highly non-linear, the calibration of 
the local probabilities is an iterative process that is repeated until convergence is achieved, i.e. until the objective 
function is small. Convergence does not guarantee that the final permeability realization is identical to the reference 
permeability field. This is due to the physical reality that injection well data are simply not sensitive to the 
permeability in some parts of the aquifer. The final permeability realization is the best estimate of the permeability 
field (heterogeneity) in the reservoir. The last step in our procedure is to simulate with GEM the injection process 
for the best realization. This yields saturation profiles of CO2 in the aquifer at various times. To the extent that these 
profiles differ substantially from the profiles in the initial realization, the approach can be deemed sensitive to the 
presence of formation heterogeneities that affect CO2 plume movement. 
In contrast to traditional history matching, this method does not seek a detailed spatial distribution of 
permeability in the formation, but merely an indication of features that affect the overall migration path of the CO2 
plume.  
3. Model Description 
This approach is tested on a 2D synthetic aquifer model in CMG which has been tuned to the physics of the 
CO2-brine system. The aquifer model consists of a 100×100 (50 ft×50 ft×12.5 ft) grid with 4 wells injecting at 
similar rate schedules, to which Gaussian noise was added. The reference permeability field in the storage formation 
is heterogeneous, with high permeability streaks as shown in Figure 1. The permeability map was created using 
SISIM with a variogram model as shown in Figure 2, to which the unanticipated heterogeneities (the high 
permeability streaks) have been added manually. Permeability ranges from 1 mD to 600 mD, with the high 
permeability streaks having a value of 10,000 mD. Four wells regularly spaced at the center of the formation inject 
CO2 according to the rate schedule. The rate schedule shown in Figure 3 is subject to a maximum bottom-hole 
injection pressure constraint of 7500 psia, in order to avoid fracturing the formation. The depth of the top of the 
aquifer is 10000 ft with the initial reservoir pressure calculated using the hydrostatic gradient for water (0.433psi/ft). 
Very high pore volume multipliers of 30,000 have been used for the boundary blocks using VOLMOD keyword in 
GEM, to simulate infinite acting boundary conditions. 
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Figure 1. Reference permeability field. Figure 2. Variogram models for input into SISIM. 
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In these simulations the CO2 plumes are driven 
by viscous forces dominated by the heterogeneous 
permeability field. CO2 flows preferentially toward 
the highly permeable areas, causing the unexpected 
deviation from the originally predicted plume. CO2 
injection was simulated for a period of 720 days 
and injection pressure was monitored at each well 
every 20 days. In order asses the effect of the high 
permeability streaks on the well injection pressure, 
the forward model was ran including the high 
permeability streaks and without them, as shown in 
Figure 4.  Comparison of the injection pressure 
between the reference permeability field with and 
without high permeability streaks (Figure 4) shows 
that the well that is most greatly affected is 
Injector-3, which has the streak passing nearby.  
The presence of the high permeability reduces the 
injection pressure significantly. On the other hand, 
the effect of the streaks on Injectors-1, 2 and 4 is diminished because they are relatively far from the well, and CO2 
has to flow through a low permeable zone before reaching the streaks. The deviation of the plumes due to the high 
permeability streaks is only noticeable at large scale for Injector-3, for the others is difficult to capture a large scale 
movement. This renders it difficult to detect the presence of heterogeneities close to Injector 1, 2 and 4 as was later 
found during the history-matching process. 
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Figure 4 Comparison of injection pressure at four wells with and without the presence of high permeability streaks. 
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Figure 3. Scheduled gas injection rates. 
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4. Results and Discussion  
Figure 5 shows the permeability map of the initial and best realizations generated with SISIM. In this figure, just 
for the purpose of comparison, the high permeability streaks present in the reference model were superimposed to 
the initial and best realizations from Pro-HMS. The average permeability of a 10x10 gridblocks region around the 
wells was used as conditional data input for SISIM. As in order to make the history-matching exercise as realistic as 
possible, the history matching was implemented on a model that is of much coarser resolution than the reference. 
The history of injection pressure of the four wells over 720 days was matched using Pro-HMS as shown in Figure 6. 
The high permeability areas that are distributed throughout the reservoir in the initial realization were relocated by 
the Pro-HMS updates closer to the position of the high permeability streaks in the reference model. In this case, 
since the Injector-1,2 and 4 were completed on low permeable areas, it represents a barrier for the pressure transient 
to travel from the high permeability streak to the wellbore itself. The most noticeable improvement was the 
relocation of the high permeability area close to Injector 3, which runs SE-NW in the reference model, and the 
updated model shows the same trend. The best permeability map is not an exact match of the reference permeability 
field, but it accommodated the high permeability blocks closer to the high permeability streaks from the reference. 
The initial and best realizations honor the spatial correlation of the prior geologic model and the histogram. 
For comparison, the initial and the best realizations were input into CMG to map the saturation profile at the end 
of the simulation. Figures 7a and 7b show that the high permeability streak deviated the plume clearly only for 
Injector-3, whereas the deviation of the plumes from the other wells occurred at scale much smaller than the coarse 
scale used in the Pro-HMS model. The best realization from Pro-HMS indicates that the CO2 plume is migrating 
North-West from Injector 3 as in the reference case. Although the effect of the high permeability streaks on Injector-
4 was small (Figure 4), the injection pressure was matched significantly better by the best realization (Figure 6), and 
consequently the shape of the corresponding plume was also better captured (Figure 7). The effect of the 
heterogeneity in the other two wells (Injector 1 and 2) is negligible; the mismatch in the injection pressure was 
reduced but the saturation plumes could not be accurately reproduced. In summary, considerable improvement in 
terms of the predicted CO2 saturation profile relative to the initial realization was achieved. 
5. Conclusions 
We have demonstrated an inexpensive method to foresee risks in carbon dioxide storage due to geologic 
heterogeneities in the storage formation. This method employs routine inexpensive measurements (injection pressure 
and flow rate) to predict unanticipated formation heterogeneities, the presence of which might lead to leakage risk or 
pressure build-up depending on whether it is high permeability channel or a low permeability barrier. Our approach 
infers the presence of near-by heterogeneities by performing a history match of the pressure data observed in the 
injection wells, imposing the measured injection rates as boundary conditions on the wells. Heterogeneities that are 
far from the wells have small effect on the injection pressure, making it difficult to detect their presence by history 
matching. From the best injection pressure match, the predicted permeability field and saturation profiles captured 
the essential large-scale features present in the reference permeability case, thereby indicating the usefulness of this 
approach. We remark that one of the advantages of Pro-HMS is that the updated geologic model preserves the initial 
data from the aquifer (conditional data) and the geostatistical description of the geologic model (variogram and 
cumulative density function). Thus the history match procedure cannot lead to models inconsistent with the geologic 
understanding of the area.  
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Figure 5 Initial (left) and best (right) permeability maps from Pro-HMS. High permeability streaks from the reference 
were superimposed for comparison. 
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Figure 6.  History matching of injection pressure. 
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Figure 7. Comparison of the final water saturation maps at 720 days corresponding to (a) reference with streaks, (b) 
reference without streaks, (c) initial and (d) best realizations. 
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